Treatment of patients with obstructive coronary artery disease is guided by the functional significance of a coronary artery stenosis. Fractional flow reserve (FFR), measured during invasive coronary angiography (ICA), is considered the gold standard to define the functional significance of a coronary stenosis. Here, we present a method for non-invasive detection of patients with functionally significant coronary artery stenosis, combining analysis of the coronary artery tree and the left ventricular (LV) myocardium in cardiac CT angiography (CCTA) images. We retrospectively collected CCTA scans of 126 patients who underwent invasive FFR measurements, to determine the functional significance of coronary stenoses. We combine our previous works for the analysis of the complete coronary artery tree and the LV myocardium: Coronary arteries are encoded by two disjoint convolutional autoencoders (CAEs) and the LV myocardium is characterized by a convolutional neural network (CNN) and a CAE. Thereafter, using the extracted encodings of all coronary arteries and the LV myocardium, patients are classified according to the presence of functionally significant stenosis, as defined by the invasively measured FFR. To handle the varying number of coronary arteries in a patient, the classification is formulated as a multiple instance learning problem and is performed using an attention-based neural network. Crossvalidation experiments resulted in an average area under the receiver operating characteristic curve of 0.74±0.01, and showed that the proposed combined analysis outperformed the analysis of the coronary arteries or the LV myocardium only. The results demonstrate the feasibility of combining the analyses of the M. Zreik and N. Khalili are with the
I. INTRODUCTION
Among cardiovascular diseases, obstructive coronary artery disease (CAD) is the most common [1] . Obstructive CAD is defined as a narrowing of the coronary artery lumen, i.e. coronary stenosis, due to a build up of atherosclerotic plaque in the coronary artery wall [2] . A functionally significant coronary stenosis limits blood supply and therefore leads to ischemia and irreversible damage to the left ventricular (LV) myocardium [3] . However, not all coronary stenoses are functionally significant [2] . To decrease CAD morbidity, only functionally significant stenoses require invasive intervention [3] - [6] . Therefore, to guide invasive intervention, it is important to define the functional significance of a coronary stenosis.
Most often, coronary artery stenosis is noninvasively and visually detected in patients with suspected CAD using cardiac CT angiography (CCTA) scans [7] . However, CCTA has low specificity in defining the functional significance of a coronary stenosis with intermediate severity [8] - [10] . Therefore, invasive coronary angiography (ICA) is performed on patients with intermediate severity coronary stenosis to measure the fractional flow reserve (FFR) in the coronary arteries. To day, FFR is the gold standard for the functional significance of a coronary stenosis [3] , [4] . However, as patients are refereed to ICA based on CCTA with low specificity, coronary artery stenoses in up to 50% of these patients are eventually determined as functionally non-significant, i.e. these patients unnecessarily undergo invasive FFR measurement [10] .
To reduce the number of unnecessary ICA procedures and invasive FFR measurements, the analysis of CCTA images for defining the functional significance of a coronary artery stenosis has been an active field of research. The most validated methods for determining the functional significance of coronary artery stenosis are those that analyze the blood flow in the coronary arteries [11] - [14] . Taylor et al. [11] , [15] were the first to employ computational fluid dynamics, in the form of Navier-Stokes equations, to estimate FFR values along the coronary artery. Itu et al. [12] used a parametric lumped heart model to model blood flow with a patient-specific hemodynamics in both healthy and stenotic coronary arteries to estimate its FFR values. Nickisch et al. [13] employed an electrical patientspecific parametric lumped model to simulate blood flow and pressure along the coronary artery arteries. Later, Itu et al. [14] followed a machine-learning-based approach, trained on a large and diverse number of synthetically generated coronary arteries, to compute FFR along the arteries. Although these flow-based methods [11] - [14] achieved good results, they rely on the highly challenging task of accurate segmentation of the coronary artery lumen. To achieve accurate segmentation, these methods require a substantial manual interaction [16] , which is a very time consuming task, especially in patients with severe atherosclerotic calcifications, coronary stents, and image artifacts [17] .
Recently, methods that only analyze the LV myocardium in CCTA images have emerged. In our previous work, we have presented a deep learning-based analysis of the LV myocardium to detect patients with a functionally significant coronary artery stenosis [18] , [19] . The LV myocardium is first segmented using a convolutional neural network (CNN) and then characterized by a convolutional autoencoder (CAE). A support vector machine (SVM) is used with the extracted characteristics to classify patients according to the presence of functionally significant stenosis. Han et al. [20] utilized the method presented by Xiong et al. [21] to detect patients with functionally significant stenosis. First, the LV myocardium is segmented and aligned with the 17-segments perfusion model [22] . Then, hand-crafted features of each myocardial segment are extracted and employed with an AdaBoost classifier to identify patients with functionally significant stenosis.
Here, we present a method to automatically detect patients with functionally significant coronary artery stenosis, based on a combined analysis of the complete coronary artery tree and the LV myocardium. First, exploiting our previous work, each coronary artery is analyzed separately through encoding its multi-planar reformatted (MPR) volume into a fixed number of encodings using two disjoint CAEs [23] . Next, exploiting our previously developed method, the LV myocardium is segmented by a CNN and thereafter characterized by a CAE [18] . Finally, based on the extracted encodings of the arteries in the coronary artery tree and the LV myocardium, patients are classified according to the presence of functionally significant stenosis, as defined by the invasively measured FFR. To handle the varying number of analyzed coronary arteries, the classification is formulated as a multiple instance learning (MIL) problem [24] . Following this approach, the encoding of each coronary artery in the coronary tree, along with the encoding of the LV myocardium, is defined as a single instance in a bag of instances. Then, all instances are combined into a single representation using a trainable attention-based neural network that calculates a learned weighted average of all instances. Finally, the combined representation is used to classify a patient. The contributions of this paper are as follows. First, to the best of our knowledge, this is the first method to combine information derived from both the coronary artery tree and the LV myocardium to detect functionally significant stenosis. Second, to the best of our knowledge, formulating the analysis of all coronary arteries in the coronary tree as a MIL problem has not been presented before.
The remainder of the manuscript is organized as follows. Section II describes the data and reference standard. Section III describes the method. Section IV reports our experimental results, which are then discussed in Section V.
II. DATA
This study includes retrospectively collected CCTA scans and invasively measured FFR values of 126 patients (age: 58.9 ± 9.0 years, 97 males) acquired between 2012 and 2016. The Institutional Ethical Review Board waived the need for informed consent.
A. CCTA imaging
All CCTA scans were acquired using an ECG-triggered step-and-shoot protocol on a 256-detector row scanner (Philips Brilliance iCT, Philips Medical, Best, The Netherlands). A tube voltage of 120 kVp and tube current between 210 and 300 mAs were used. For patients weighing ≤ 80 kg contrast medium was injected using a flow rate of 6 mL/s for a total of 70 mL iopromide (Ultravist 300 mg I/mL, Bayer Healthcare, Berlin, Germany), followed by a 50 mL mixed contrast medium and saline (50:50) flush, and next a 30 mL saline flush. For patients weighing > 80 kg the flow rate was 6.7 mL/s and the volumes of the boluses were 80, 67 and 40 mL, respectively. Images were reconstructed to an in-plane resolution ranging from 0.38 to 0.56 mm, and 0.9 mm thick slices with 0.45 mm spacing.
In each CCTA scan, all visible coronary arteries were automatically tracked and their centerlines were extracted using the method previously described by Wolterink et al. [25] . The method tracks the visible coronary arteries, where the arterial centerlines are extracted between the ostia and the most distal visible locations. Using the extracted centerlines, a 3D straightened MPR volumes with 0.3 mm 3 isotropic resolution were reconstructed for all coronary arteries and used for further analysis. In total, in the CCTAs of 126 patients, 2340 arteries were extracted, with 18.5 ± 4.3 (interquartile range: 16.0-22.0) arteries per patient. Because the tracking was done from the ostia to the distal parts of the arteries, proximal parts of different arteries may be overlapping.
B. FFR measurements
All patients underwent invasive FFR measurements, up to one year after the acquisition of the CCTA scan. FFR was recorded with a coronary pressure guidewire (Certus Pressure Wire, St. Jude Medical, St. Paul, Minnesota) at maximal hyperemia conditions. Maximal hyperemia was induced by administration of intravenous adenosine (at a rate of 140 µg/kg per minute) through a central vein. The FFR wire was placed at the most distal part possible in the target artery. Using manual pullback, a single minimal FFR value was assessed and recorded for each artery. When multiple FFR measurements were available, or measurements for multiple stenoses were available, the minimum value was taken as the standard of reference for the patient. The average of the minimal invasively measured FFR values in the 126 patients is 0.79 ± 0.10 (interquartile range: 0.72-0.86), where the distribution of minimal FFR values is shown in Fig. 1 .
III. METHODS
Blood flow to the LV myocardium may be affected by one or multiple coronary artery stenoses in one or multiple coronary arteries [3] , [11] , [26] . Therefore, local analysis of a single stenosis in a single artery may be insufficient, but the entire coronary artery tree must be taken into account. Moreover, given that functional obstruction of the blood flow in the coronaries may cause ischemia in the LV myocardium, analysis of the myocardium may provide additional valuable information [18] , [20] . In clinical practice, only the minimal single FFR value per diseased coronary artery is typically recorded, resulting in a single reference label per artery. Hence, employing supervised end-to-end machine learning methods (e.g. a 3D-CNN or a recurrent CNN [27] ) to directly analyze all arteries in the coronary tree together with the LV myocardium to detect the functional significance of a stenosis is infeasible. Therefore, in this work, all arteries in the coronary tree and the LV myocardium are separately analyzed by unsupervised CAEs and represented with a fixed number of encodings [18] , [23] . Then, these encodings are jointly used to classify patients according to the presence of functionally significant stenosis, as determined by the invasive FFR measurement. To handle the varying number of coronary arteries in each patient, the classification is performed using an attention-based multiple instance neural network [24] . An illustration of the proposed method is shown in Fig. 2 .
A. Encoding the artery
Coronary arteries are complex anatomical 3D structures with varying lengths and anatomies across patients [28] . An MPR Figure 1 . The distribution of the minimal FFR values measured in 126 patients included in this study volume of a single artery contains a large number of voxels (millions). Therefore, to efficiently encode and accurately reconstruct a whole MPR volume of a complete coronary artery, a single CAE may not be used. Therefore, in our previous work [23] , we have employed two disjoint CAEs to encode the complete MPR volume of a single coronary artery. Fig. 3 illustrates the employed encoding workflow. First, a 3D variational convolutional autoencoder (3D-VCAE) is applied to 40x40x5 voxel local sub-volumes extracted from the MPR along the artery centerline. The 3D-VCAE encodes each sub-volume into an encoding of 16 values. When applied sequentially to all sub-volumes along the artery (of length L), the result is a feature map of size 16xL. This feature map is then represented as 16 individual 1D sequences of encodings. Each 1xL sequence contains an individual encoding out of the set of encodings, running along the artery (colored signals in Fig. 3 ). To encode arteries with different lengths, sequences of encodings of short arteries were padded into a maximum length 800, which corresponds to the longest artery in the dataset. Then, a 1D-CAE encodes each one of the 16 sequences into a second latent space of 64 dimensions. This results in 1024 (16x64) features representing the complete artery. The architectures and the training details of the 3D-VCAE and 1D-CAE used in this work are described in [23] .
B. Encoding the myocardium
Given that functionally significant coronary artery stenosis causes ischemia in the LV myocardium and thereby likely changes its texture characteristics in a CCTA image [18] , [20] , [29] , [30] , the LV myocardium is analyzed. First, the LV myocardium is segmented using a multiscale CNN that analyzes two scales (low and high resolution) of three orthogonal (axial, coronal and sagittal) image patches. Characteristics of the segmented LV myocardium and its immediate vicinity are extracted using a CAE, as described in our previous work [18] . Since a functionally significant stenosis is expected to have a local impact on the myocardial blood perfusion [31] , [32] , the LV myocardium is divided into 500 spatially connected clusters. To describe the whole LV myocardium, rather than its clusters, simple statistics of the encodings across the clusters are computed and used as LV myocardium features. As a result, the whole LV myocardium is characterized with a total of 512 features. Full details of the multiscale CNN and CAE architectures and the training details can be found in [18] .
C. Classifying patients according to the presence of functionally significant stenosis
Based on the extracted encodings of the coronary arteries and the LV myocardium, patients are classified according to the presence of functionally significant stenosis. This was defined by the invasively measured FFR. The clinically common 0.8 threshold on measured FFR was applied [33] to distinguish between the positive class comprised patients with F F R ≤ 0.8, i.e. those having functionally significant stenosis, and the negative class comprised patients with F F R > 0.8, i.e. those without a functionally significant stenosis. Figure 2 . Illustration of the proposed multiple instance learning (MIL) approach. Encodings of N coronary arteries are extracted using the pre-trained CAEs, presented in [23] , and encodings of the LV myocardium are extracted by the pre-trained CAE, presented in [18] . Subsequently, encodings of each artery (out of N extracted arteries) are separately fed to a fully connected neural network (F CNart) consisting of 3 fully connected layers with 64 neurons each. The weights of the N F CNart networks are shared. An identical non-shared network (F CNmyo) is used to analyze the LV myocardium encodings. The outputs of both networks are concatenated to form a bag-of-instances, where each instance contains a low-dimensional embeddings of a single artery concatenated with the low-dimensional embeddings of the LV myocardium. Therefore, each patient is represented by N instances, corresponding to N extracted arteries, which are then fed to a MIL pooling operator [24] . The MIL operator, based on the attention mechanism, uses a trainable weighted average of the instances where the weights are determined by a fully connected 32 neuron neural network. To be invariant to the size of the bag (N; number of arteries), the weights are forced to sum to 1, by using a softmax operator on the output. Finally, the output of the MIL pooling operator is fed into a sigmoid to output a probability to belong to the positive or the negative class. Figure 3 . Illustration of the artery encoding. To encode an MPR volume of a complete artery into a fixed number of encodings, a two stage encoding approach is applied. First, a 3D variational convolutional autoencoder (3D-VCAE) is applied to local 40x40x5 voxel sub-volumes extracted from the MPR along the artery. The 3D-VCAE encodes each volume into an encoding in a latent space of 16 dimensions. When applied to all sequential sub-volumes along the artery, the result is a features map of the same height as the number of encodings and the same length as the artery length (L). This features map is then represented as a set of individual 1D sequences of encodings. Each sequence contains an individual value of the encoding in latent space of 16 dimension, running along the artery. Then, a 1D convolutional autoencoder (1D-CAE) is applied separately to each of the 16 sequences of encodings that encodes each sequence further into a second latent space with 64 dimensions. This results in a fixed number of encodings (1024) per artery, that represent the complete artery volume, regardless of its length and shape.
The classification is performed following a multiple instance learning (MIL) approach [24] and illustrated in Fig. 2 . Functional significance of a stenosis within a specific coronary artery is dependent on the blood flow in the entire coronary tree, consisting of all arteries and their branches [11] . Therefore, to determine the functional significance of a stenosis in a patient, all arteries in the coronary artery tree are analyzed simultaneously. In addition, as previous studies have shown [18] - [20] , valuable information regarding the significance of a stenosis is present in the LV myocardium. Therefore, in this work, encodings of all coronary arteries are combined with the encodings of the LV myocardium. Subsequently, these combined encodings are used to classify patients, according to the presence of a functionally significant stenosis in one or more coronary arteries. To process the varying number of arteries extracted in a CCTA scan, encodings of each of the N arteries are separately fed to a fully connected neural network (F CN art in Fig. 2 ) consisting of 3 fully connected layers with 64 neurons each. To limit the number of trainable parameters and reduce the risk of overfitting, the weights of the N F CN art networks are shared, making it practically a single network. An identical non-shared network (F CN myo in Fig. 2 ) is used to analyze the LV myocardium encodings. The outputs of all networks are concatenated to form a bag-of-instances; each instance contains a low-dimensional embeddings of a single artery (output of each F CN art ) concatenated with the low-dimensional embeddings of the LV myocardium (output of F CN myo ). Hence, each patient is represented by N instances, corresponding to N extracted arteries, which are fed to a MIL pooling operator [24] . The MIL operator, based on the attention mechanism [34] , uses a trainable weighted average of the instances, where the weights are determined by a fully connected 32 neuron neural network. To be invariant to the size of the bag (N; number of arteries), the weights are forced to sum to 1, by using a softmax operator on the output. Finally, the output of the MIL pooling operator is fed into a sigmoid to output a probability to belong to the positive or the negative class. Parametric rectified linear units (PReLU) [35] are used in all layers but the last one. To battle overfitting, a dropout of 0.5 is applied between all fully connected layers in F CN art and F CN myo , and L2 regularization is used with γ = 0.001 for all layers.
Performance of patient classification is evaluated using a receiver operating characteristic (ROC) curve, the corresponding area under the ROC curve (AUC), and the sensitivity and specificity metrics.
IV. EXPERIMENTS AND RESULTS

A. Encoding the coronary arteries and the LV myocardium
To encode the coronary arteries and the LV myocardium in the set of 126 CCTA scans, the pre-trained CNN and CAEs that were previously trained in [23] and [18] were used. Therefore, the training processes of the CNN and the CAEs are not described here and can be found in detail in the original manuscripts. However, to present a valid evaluation of the performance, none of the CCTA scans previously used to train the CNN and CAEs were part of the 126 patients used in this study.
To extract encodings from the coronary arteries, the pretrained 3D-VCAE and 1D-CAE described in [23] were applied to all extracted arteries in all 126 CCTA scans. To illustrate that the extracted encodings contain enough information to retrieve and reconstruct the input volume, Fig. 4 shows three randomly selected examples of encoded and reconstructed MPR volumes of complete arteries.
To extract encodings and features of the LV myocardium, the pre-trained multiscale CNN and CAE described in [18] were employed in all 126 CCTA scans to segment and encode the LV myocardium, respectively. Fig. 5 illustrates a segmented LV myocardium and three randomly selected LV myocardium axial patches that were encoded and thereafter reconstructed back.
B. Classifying patients according to the presence of functionally significant stenosis
Classification of patients was performed using the extracted encodings of the coronary arteries and the LV myocardium. To assess the classification performance and its robustness, stratified 5-fold cross-validation experiments were performed. In each experiment, all arteries and the LV myocardium of 101 (80%) patients were used to train the classification network (Fig. 2) , while the remaining 25 (20%) patients were left out to test the performance.
As the number of arteries varies between patients, training the classification network was performed using mini-batches of 1 patient to minimize the binary cross entropy loss function using the sigmoid output. In each mini-batch, encodings of all coronary arteries (N) and the LV myocardium of the same patient were included. Training was performed for 200,000 iterations, where every 1000 iterations, the latest model was saved. To assess the variability of the performance, in the end of the training, the last 10 saved models were used to evaluate the performance on the test set. The obtained results are shown in Fig. 6 . An average AUC of 0.74 ± 0.01 was achieved. At the sensitivity of 0.70, the achieved specificity was 0.70. Table I shows the obtained average sensitivities and specificities in three different ranges of FFR values.
To assess the importance of combining the information extracted from the LV myocardium on the classification performance, an additional experiment was performed. In this experiment, only the encodings of the coronary arteries were used, without incorporating the LV myocardium encodings. To do so, an identical classification network was employed, while omitting the LV myocardium subnetwork (F CN myo in Table I  AVERAGE SENSITIVITY AND SPECIFICITY FOR DETECTION OF PATIENTS   WITH FUNCTIONALLY SIGNIFICANT CORONARY ARTERY STENOSIS IN   THREE DIFFERENT RANGES OF FFR MEASUREMENTS. Sensitivity Specificity
0.63 0.70 F F R ≥ 0.9 -0.70 Fig. 2 ). Training this classification network was performed in the same manner as the full network. The achieved performance, compared to the performance of the combined analysis and to the LV myocardium only analysis (as reported in [18] ) is shown in Fig. 7 and in Table II .
C. Comparison with other FFR classification methods
We compare the classification results of the here presented method with the results of previous methods. These methods either analyzed of the blood flow in the coronary arteries or analyzed the LV myocardium. Table III lists the results as reported in the original works. The table demonstrates that the methods achieving highest accuracy and AUC relied on blood flow analysis in the coronary arteries. Moreover, the here presented method seems to outperform the methods that analyze only on the LV myocardium. However, different methods were evaluated with different datasets, using different patients cohorts. Therefore, this comparison only indicates the differences in performance and should be considered with caution.
V. DISCUSSION
A method for automatic detection of patients with functionally significant stenosis in the coronary arteries in CCTA scans has been presented. First, our previous work is employed to characterize the coronary arteries [23] and the LV myocardium [18] in an unsupervised fashion. These extracted characteristics are subsequently used to classify patients with a supervised MIL operator, employing an attention-based trainable neural network [24] . The results demonstrate that the proposed combined analysis outperforms the analysis of the coronary arteries or LV myocardium only. To the best of our knowledge, this is the first method to combine information derived from the coronary arteries as well as the LV myocardium. , that were encoded and reconstructed (Recon.), using the pre-trained disjoint CAEs as presented in [23] . Arteries with three different lengths and levels of classifications are presented. Given the high resolution of modern CT scanners, the volumes of the complete coronary arteries and the LV myocardium are large. Moreover, the reference FFR is reported only on the artery level. Therefore, directly detecting the functional significance of a stenosis (e.g. with supervised 3D-CNN) is far from trivial. Hence, in this work, we have used unsupervised CAEs to characterize and encode both the arteries and the LV myocardium before employing a supervised neural network. Given the limited number of patients included in this study, training the system end-to-end, with its three components, is hardly feasible due to overfitting. Given a larger dataset, training all components end-to-end could potentially make the extracted encodings more discriminative with respect to the classification task, and therefore further improve the performance. Future work might investigate this.
Moderate performance was achieved for detection of patients with functionally significant stenosis, while relying only on unsupervised features extraction methods for both the coronary arteries and the LV myocardium in a CCTA (Fig. 6 ). This combined analysis substantially improves the low specificity of visual inspection of CCTA only (< 50%) [10] and could The proposed method has higher diagnostic accuracy than methods that analyze only the LV myocardium, but lower than methods that analyze blood flow in the coronary arteries. However, flow-based methods heavily depend on accurate lumen segmentation, which is a very cumbersome task that typically requires manual interaction of an expert to correct the automatically segmented lumen, especially in CCTA scans with excessive atherosclerotic calcifications [17] . As a result of this requirement, heavily diseased patients with large calcifications or coronary stents, or CCTA images with imaging artifacts are typically not eligible for such analyses [37] - [39] . In contrast, instead of artery lumen segmentation, the here proposed method requires only the coronary artery centerline as an input. Extraction of the artery centerline is to some extent a simple task as compared to the artery lumen segmentation. In this work, we have employed our previous work to extract the coronary artery centerlines [25] , however, any other available extraction method could be used instead.
The contribution of the combined analysis was investigated. Table II and Fig. 7 demonstrate that the proposed combined analysis outperforms the analysis of the coronary arteries or the LV myocardium only. This result is on par with our assumptions that, in respect to the functional significance of a coronary stenosis, a combination of the ischemic changes present in the LV myocardium [18] , and in the anatomical characteristics of the coronary arteries [23] , is beneficial for identifying these patients. However, in the presented method, features of the whole LV myocardium were concatenated to the encoding of each coronary artery without any alignment to blood diffusion territories. As a myocardial territory perfused by a stenotic coronary artery might have local ischemia [31] , [32] , analyzing the LV myocardium as a whole might have masked these local subtle changes. Although this ad-hoc concatenation was proven beneficial (Table II and Fig. 7) , concatenating each artery with the corresponding local perfusion region may further improve the performance. To perform such local concatenation, the segmented LV myocardium could be aligned with the standard 17-segments model [22] or with a personalized perfusion model [40] . Thereafter, encodings of each LV myocardium segment could be concatenated to the corresponding coronary artery encoding. Future work might address this.
To conclude, this study presented an automatic method for detection of patients with functionally significant stenosis in the coronary arteries in CCTA images. The method is based on two unsupervised methods that separately encode the coronary arteries and the LV myocardium. Thereafter, a supervised MIL neural network combines the two sets of encodings and classifies patients according to the presence of functionally significant stenosis. The achieved moderate classification performance shows the feasibility of reducing the number of patients that unnecessarily undergo invasive FFR measurements.
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